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This study utilized discrete event simulation (DES) in order to optimize the staff

scheduling within the housekeeping department for hotel operation during high-occupancy
conditions. High-occupancy situations within hotels occur during peak season times in which
guests occupy a greater number of rooms than throughout the year. A literature review showed
that DES has been used to optimize various types of schedules. This study was unique in the
case that it incorporates computer modeling into the staffing portion of lodging establishments;
an area with limited amount of research. Data was collected from historical records and through
actual observations. A validated computerized model of the hotel was constructed using Arena
13 to determine an optimal staff schedule, which would decrease guests’ waiting times as well as
payroll costs in the housekeeping department. A sensitivity analysis was conducted in order to
determine the number housekeepers to employ and their length of schedule depending on the
acceptable wait time allowed for guests and the number of checkouts. The product of this study
was a model that could be used by other lodging establishments to determine how many
housekeepers to employ based on the number of rooms checking out and staying over. Future
studies could incorporate the rate to stay at the establishment and how that could have an effect
on the arrival rate of guests and their willingness to stay at the hotel.
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Introduction
Hospitality Industry History
The term hospitality industry is an umbrella term that consists of lodging establishments,
restaurants, amusement parks, and a plethora of other fields. However, when this term is used, it
is usually referring to hotels, motels, hostels, bed and breakfasts, and a variety of other lodging
establishments; this study uses the term hospitality industry in the same manner.
The history of the hospitality industry is one of the earliest forms of businesses
throughout the world. The industry is written in history, ranging from its beginnings during the
biblical times, to antiquities, the Middle Ages, and to present times (Levy-Bonvin, 2003).
During the industry’s early years, homeowners would let travelers stay at their residence in
return for different forms of compensation, either money or through bartering. The early 13th
century ushered in the creation of inns, warm bathing areas, and eateries that travelers could use
for a fee. Businesses in the hospitality industry were successful up to this point because they
catered to a certain type of person, travelers, and made them feel like they were in a home
environment. This principle ideal is why the hospitality industry has thrived for centuries; it has
been able make visitors feel comfortable with their lodgings and offer amenities that would
entice them to visit again (Gailliard, 2011). Cities and communities noticed that when travelers
visited, if they enjoyed their stay and the surrounding area, they were more likely to come again,
as well as tell other people about their stay.
During the 16th century, the demand for hospitality establishments increased, to which
entrepreneurs and business owners took notice. They saw the potential profitability in the
industry and combined multiple hospitality businesses together. Now, a traveler could rest,
bathe, eat, and be entertained at one location – basically the creation of modern-day lodging
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establishments. The lodging businesses began to offer its guests more amenities, which would
increase the comfort of the guest and increase the likely of future business. As technology
progressed throughout the centuries, upgraded amenities were included for the guests. Upgrades
have included indoor plumbing, comfortable bedding, and room service (Levy-Bonvin, 2003).
The first hotel opened in the United States was City Hotel in 1794, located in New York
City. The practice of renting rooms to visitors was not new to the States, but City Hotel was the
first building strictly used for hotel operations (Internal Revenue Service, 2007). A few years
after City Hotel was opened, hotels began to open throughout the East Coast. By the 1920s,
hotels and motels had spread throughout the United States, from the East Coast to West Coast.
Up until this time, the hospitality industry was comprised of individuals owning and operating
their establishments. However, by the 1950s and 1960s, the practice of franchising had become
a part of the lodging business side of the hospitality industry (Internal Revenue Service, 2007).
Franchises such as Best Eastern, Quality Courts, and Best Western were allowing individual
owners to buy into the franchise, gaining an upper hand in advertisement and future profits
against competitors in the industry. As of 2008, there were 64,300 registered establishments that
provided accommodations for guests, ranging in size from a few dozen rooms to upwards of
thousands of rooms (U.S. Department of Labor, 2009).
Nature of the hospitality industry. The hospitality industry is a branch of the service
industry, which means that they share certain characteristics. These characteristics include
technology, quality measurement, and growth (Chatman & Jehn, 1994). Technology, quality
measurements, and growth are discussed further within this section.
Lodging establishments offer guests a place where they can comfortably stay for a
specific period of time. If guests are comfortable with their stay, then the likelihood that they
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will be repeat guests is much greater. Since comfort and guest satisfaction are two performance
measures that the industry uses to gauge success lodging businesses use any means necessary to
ensure that these service areas are at an acceptable level. As previously noted, the history of the
hospitality industry is long and detailed, evolving throughout the centuries. The early principles
practiced in the industry are still being applied today; although, technological advancements
have allowed for more amenities to be offered in order to suffice the demand of modern-day
travelers. These advancements include digital cable and Internet, business centers,
improvements in food services offered at the establishments, and the machines and tools used in
the various departments in order to increase the speed and efficiency of services offered to the
guests, such as in the laundry and maintenance departments. The hospitality industry’s profits
depend solely on guests, which is why they are the most important component of the hospitality
industry system (Saleh & Ryan, 1991). It is common belief that if a guest is happy and
comfortable, then he or she will most likely enjoy the stay and visit again. Although guests are
the main income for businesses within the hospitality industry, they are also indirectly the main
expense. There is an inherent tradeoff between the guests’ demands, what the hotel can actually
offer, and the price of the room that the hotel must charge in order to make a profit. This will be
discussed in later sections of the paper.
A vast majority of the total annual profit of hotels come from repeat guests, that is, guests
who stayed at the establishment before. Lodging establishments that are part of a franchise also
see a vast majority of their profits coming from guests who are loyal to a certain franchise chain
(Kandampully & Suhartanto, 2000). Guests’ choosing to stay at a franchised business is due to
their operation standards. These standards are created by the franchising company and require
partnering lodging establishments to meet or exceed these standards. A guest learns of the

4

standards through word of mouth, past experience, or reviews of either the establishment or the
franchise of which it is a part.
Factors that impact the hospitality industry. There are many internal and external
perturbations that have effects on the daily operations of lodging businesses within the
hospitality industry. The hospitality industry is a complex system with many components that
must interact with one another to ensure that the overall system operates properly. A few
examples of internal components in the hospitality industry include management, the various
hotel employees, the technology involved in the industry, and the guests. External elements that
affect the lodging system can include the economy, location of the establishment, franchise rules,
regulations and standards, and guests.
Guests are considered internal and external components that have a major effect on the
operations in the hospitality industry. Lodging guests can come from any part of the world,
bringing along with them their culture and unique behaviors. Each guest is different from one
another, which businesses understand and try to cater to all of these different types of guests.
Hotels are designed to cater to visiting guests and make them feel comfortable and enjoy their
stay. The hospitality industry can only be successful if guests enjoy their stay at their place of
lodging. If a guest enjoys his or her stay, then he or she is more likely to visit again and could
recommend the hotel to other possible future guests. However, this tactic can sometimes work
the opposite way. An upset guest will most likely not visit the hotel again and give poor reviews
about his or her stay.
Businesses within the hospitality industry utilize the power of advertisement to draw
guests to stay at their lodging establishments. Advertisement is used by businesses to inform
guests about their establishment, the amenities that they offer to guests, and any possible special
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rates or deals. Advertisements are designed to target two types of people, future guests and prior
guests. Television commercials and web-based advertisements normally show pictures of the
property, points of interest around the lodging establishment, and any special rates or deals that
are currently being offered. These commercials and advertisements utilize photos of the property
and provide information about the area to attract future guests who have not been to that hotel, or
even town, before. The special rates and deals are designed to attract both future and prior
guests to the business. Web-based travel sites and hospitality rating sites have began to grow in
popularity over the past few years (O’Connor & Frew, 2002). People visit these sites in order to
find the best deal at hotels that have positive reviews and recommendations.
The economy is a major factor that can influence the profitability and operational flow in
the hospitality industry. The industry is based off the willingness of guests spending their
disposable income to stay at a lodging establishment (Saleh & Ryan, 1991). Guests who stay at
lodging establishments are either visiting because of business or for leisure. It is likely that if the
economy is doing poorly in the country of the guests, then they are less likely to spend their
money on vacations or business travels. Although if the economy is down where the place of
lodging is located, then the rate that they charge guests is lower than normal. This is done to
stimulate visitors coming to their establishment and spend money at the hotel and local
businesses within the city. This possible trend is the same for economies that are thriving. If the
economy is doing well for the guests, then they are more likely to spend part of their income in
the hospitality industry. However, if the economy is doing well around the area where the hotel
is located, then they are more likely to charge guests a higher rate.
Another factor that impacts the hospitality industry is the location of the businesses.
Every city has something unique to offer visitors, such as natural wonders or cultural attractions.
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There is a wide variety of natural and man-made wonders that interest people and encourage
them to spend their money to see. Businesses within the hospitality industry use people’s
attraction to entertaining venues to increase their chances of success and turning a profit. People
need places to stay while they are visiting these areas, which is why there is a large volume of
places to lodging around certain areas. For example, cities along the East and West Coast of the
United States have a large amount of lodging areas for visitors. Denver offers lodging
establishments to visitors who wish to see the mountains and snow. Italy has a variety of inns
and hotels for the numerous foreign visitors who wish to and visit the city and monuments. It is
imperative for lodging businesses located within the proximity of attractions and unique areas to
understand why the guests are coming to the area and to cater to their needs. Businesses located
on the beach should offer guests beach towels, design rooms to offer a view of the ocean, and
provide amenities and entertainment directed towards families.
Weather could affect businesses within the hospitality industry. Therefore, businesses
must be adequately prepared to handle any weather condition that could adversely affect guests.
For example, hospitality businesses along the East Coast of the United States have to account for
the possibility that hurricanes could affect the daily operations of their establishments.
Emergency evacuation plans, which outline and describe what actions should be taken, should be
in place and available to all guests. It is common practice that if severe weather is expected, then
guests either canceling their reservations or checking out of the hotel early should not be
penalized (De Freitas, 2003). Even though most places of lodging have a cancelation policy, it is
favorable to void the policy because it is not the guests’ fault that severe weather may affect their
stay. Although they are losing profit, the business could make it back in the future since the
guests are more likely to return once the weather has gone.
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The previous factors that impact the hospitality industry have both positive and negative
effects on businesses. The following section analyzes the challenges which businesses in the
hospitality industry may face and how the challenges impact operations.
Challenges in the hospitality industry. There are many factors that can impact the
profitability and efficiency of business within the hospitality industry. There are hundreds of
different cultures, religions, beliefs, and behaviors throughout the world, and hospitality
establishments must take this large diversity of guests into consideration. The goal of lodging
establishments is to ensure that each guest as comfortable as possible. It is imperative for
businesses within the hospitality industry to determine the priority of guests, showing favoritism
to certain guests more so than others.
Over the past few years, businesses within the hospitality industry have begun the
practice of eliminating or greatly reducing the availability of smoking in public areas. This
includes smoking in amusement parks, in eating establishments that receive at least 20 percent of
its profit from food, public gathering places, and most recently, guests’ rooms at lodging
properties. Lodging businesses have changed their policies using one of two options, either
eliminate smoking in all rooms or designate a few rooms as smoking rooms. However, the latter
of the two options are rarely practiced, and most lodging establishments ban smoking in all
rooms. Hospitality industries have chosen to cater to non-smokers and aim at making their
experiences comfortable and enjoyable. Non-smokers were chosen as favorites because there are
more visitors who do not wish to be around smoke, mostly families with children, than those
who do. This choice was based on future profit; there is the potential for greater profit in
catering to non-smokers then smokers because of their population size. Although, recent studies
have indicated that there is not a significant difference in profits throughout the hospitality
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industry since the implementation of anti-smoking laws (Mandel, Alamar, & Glantz, 2005). It is
also fair to report that businesses within the hospitality industry have created designated smoking
areas for smoking guests.
Almost all businesses within the hospitality industry are independently owned and
operated. However, most lodging businesses are partners with one of the numerous franchise
chains throughout the world. Franchises allow lodging properties to share a common franchise
name in order to attract guests who may be loyal and have trust in a certain franchise.
Businesses that choose to join a franchise must pay a licensing fee to be part of the franchise, as
well as meet all standards and regulations that the franchise requires of each property. Even
though the cost to be part of a franchise can be high, the forecasted profits outweigh any cost.
Studies have shown that guests prefer to stay at establishments that are part of a franchise chain
because they have stayed at these franchises before and are comfortable with the quality of the
stay (Kandampully & Suhartanto, 2000). Even though the profits outweigh the costs, which
lodging establishments must pay to be part of a franchise, the price to meet the ever-changing
standards and regulations of franchises can be staggering at times. Each franchise competes
against one another, striving to be the most sought after by guests. Due to this, franchises require
partnering businesses to meet standards that are constantly changing to entice guests to stay at
their establishments. These changes can be costly to partnering hotels and motels, especially for
establishments that have a low maximum profit.
Changes to standards and regulations occur within the industry due to an increase in
guests’ demands and expectations. The hospitality industry is designed to cater to guests and
make them feel comfortable with the amenities offered to them. Guests are expected to be
pampered by businesses in the hospitality industry. Along with this mindset and the new
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technology being offered commercially, guests’ expectations and demand more amenities. Highdefinition televisions, Wi-Fi, advanced business centers; high-thread count sheets, high-tech
fitness centers, and other expensive and technologically advanced amenities are expected from
the guests, which the franchise chains require their hotels and motels to provide (Stutts &
Wortman, 2006). If the partnering establishments choose not to follow the standards or do not
meet the standards, they lose the franchise license. The lodging establishments have to choose
whether the cost of being part of a franchise outweighs the possible profits they are capable of
earning.
In the late 1980s, a push was made on the behalf of disabled Americans throughout the
country who complained that public places and businesses discriminated against people with
disabilities due to the fact that these places did not provide easy access to their amenities for
those not capable of normal human abilities (Mayerson, 1992). The Americans with Disabilities
Act was written into law in 1990, offering all Americans with disabilities the same rights and
privileges as those who were not disabled. On January 26, 1992, Congress passed Titles II and
III of the ADA, which required that all businesses and public places to have accommodations in
place for those with disabilities by July 26, 1992. This bill had financial effects on established
and future businesses in the hospitality industry, although it was more costly for the constructed
properties. Future establishments were able to incorporate ADA accommodations into the
design; however, the in-place properties had to spend their resources to alter the amenities that
they had in place. Title III required the following changes: walk-in showers, easily accessible
shelves and storage areas, access to all parts of the property, lower tables, larger doorways, and
lower counters and tables (U.S. Department of Justice, 2010). Businesses within the hospitality
industry had to make these changes and pass inspections by state representatives. If standards
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were not met, then they would be fined a specified amount, a tactic used as a way in which
standards are pushed within the industry. These standards are in place to ensure that guests of a
lodging establishment would enjoy their stay, which is the main objective of businesses in the
hospitality industry.
Objectives of the hospitality industry. One reason why the hospitality industry has
strived and grown since its first implementation has been the satisfaction of the guests (Best
Western, 2011). It is imperative to show the guests that the establishment acknowledges their
presence and to check them into their room as quickly as possible. A satisfied guest is more
likely so stay there again during future visits. Guests’ satisfaction with their stay is determined
by the service quality offered to them from the business. Good service quality within the
hospitality industry includes services that meet customer preferences and expectations. Guests
determine if service quality is high due to the perception of their expectations with the actual
service that they receive (Liu, Bishu, & Najjar, 2005).
The key objective within the hospitality industry is to make a profit by providing a
quality service to its guests to ensure their satisfaction and their willingness to stay at a certain
property. People occupy lodging businesses for one of two reasons, leisure or business purposes.
However, no matter what the reason is for why a person stays, they want to enjoy their time
away from their home. If a guest is uncomfortable or is not pleased with his or her lodging
accommodations, the chances of future profits are diminished. There are many possibilities as to
why a guest may be displeased with his or her accommodations, but one of the most problematic
discrepancies occurs at the initial check-in for the person; the guest must wait for a room to be
ready. If a guest tries to check in to his or her hotel room and must wait an unacceptable time,
then his or her first perception of the hotel would not be positive. A poorly experienced check-in
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process can also cause the guests to look for possible faults with the rest of their stay. One of the
factors affecting the waiting time is room turnover rate.
In the hospitality industry, room turnover measures the amount of time between when a
guest has checked out of a room and when a new guest can check into that room. For a hotel, the
goal is to minimize the time a guest has to wait for his or her room to become available. A zero
wait time is the ideal situation, but there are times when a wait time is unavoidable. If a wait
time occurs, it is normally due to two factors: the time that a new guest arrives to check- in to a
certain room and the time at which the previous guest check out of same room. In the hospitality
industry, wait time is expected, although it is normal practice to have housekeeping clean rooms
as soon as possible for guests who have already arrived at the hotel. However, it becomes
unacceptable if a guest must wait for a room after the property’s published check-in time.
Literature Review
Hospitality service studies. As previously mentioned, the hospitality industry is able to
profit based on the service quality it provides. Customer satisfaction (CS) and service quality
(SQ) have been the most commonly studied variables within hospitality industry research. Prior
research in the industry involving CS and SQ focuses on the theoretical and methodological
techniques that are in practice and how improved techniques can advance CS and SQ (Oh &
Parks, 1997). Seth, Deshmukh, and Vrat (2005) analyzed numerous service quality models to
identify links between the models and service quality. Their study found that service quality
outcomes and measurements depend on multiple factors, such as setting of service, guest
demands and expectations, and time of day, just to name a few. A study conducted by Pizam
and Ellis (1999) focused on what customer satisfaction consisted of and developed a list of the
main methods used to measure satisfaction. This study focused on the interactions between
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various factors on service quality, while other studies approach the hospitality industry from a
systems view point.
Southern (1999) analyzed the hospitality industry from a systems approach. Most
stakeholders and owners within the hospitality industry focus on the financial performance of
their property, striving to lower operational costs while increasing average daily rates. However,
they do not always look at the components, or subsystems, of the complete system and how each
one interacts with one another. It is imperative that each subsystem functions properly within its
own individual system to ensure that the whole system is able to perform up to standards.
In the following sections, studies that incorporated the use of statistical models and
mathematical programs used to address scheduling needs will be discussed.
Previous studies and models.
Statistical analyses. Statistical models are used to describe how variables relate to other
variables within a common equation or system. Regression models, a type of statistical model,
are used in order to predict possible outcomes based on the relationships between observed
dependent variables and independent variables. Regression models are useful because they are
designed to analyze the effect on a dependent variable with each independent variable; one
independent variable is changed, while the other independent variables remain the same. Linear
regression functions are used to display a dependent variable and the distributions of the
independent variables around the dependent variable (Draper & Smith, 1998).
Brah and Loo (1999) used regression analysis to investigate the performance of multiple
scheduling heuristics in a flow shop. They studied the effects of problem characteristics (number
of jobs, number of machine stages, and number of parallel processors at each stage) on the
performance of each scheduling heuristic. The study found that both structural characteristics
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and heuristics have an effect on performance variation; however, the structural characteristics
had more of an impact. The study found that both structural characteristics and heuristics have
an effect on performance variation.
A study by Patterson (1984) used regression analysis to improve the scheduling of scarce
resources for the multiple activities that rely on them. The study utilized regression analysis to
compare three different optimization programs. Each program was designed to analyze possible
solutions regarding resources and the processes that use them. These numerous possible
solutions create a solution tree, which the programs comb through and eliminate non-feasible
solutions. The regression model estimated the number of feasible subsets of a solution tree
surviving elimination. Results of the study dictated which program to use depending on the
results of the regression analysis (resource constrainedness) and the number of predicted feasible
solutions remaining after elimination.
Regression models are used for linear relationships. When linear regression models are
used for non-linear relationships, results can lead to erroneous reports and findings. Regression
models also are limited to predicting numeric outputs based on a limited amount of observed
input variables. This is inappropriate for most complex and dynamic systems since there are
multiple perturbations that have an impact of the system’s operations. Also, regression models
do not account for values that are outside of those which were observed.
Mathematical programming. Mathematical programming, also called linear
programming or optimization, is the process of using linear programming to maximize or
minimize certain functions. This is accomplished by systematically inserting various values into
the equation until the optimal solution is found (Winston, 1994). The values are determined
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based on constraints that have an effect on the linear programming equation. An example of a
linear programming model would be:
Objective: Minimize z = 35x + 29y
Subject to:
x ≥ 500
y ≥ 350
x, y ≥ 0
Mathematical programming is useful because it utilizes real-world system constraints to
determine a single optimal solution for real-world optimization problems. Mathematical
programming can specify the number of products to produce, the number of workers to employ
during certain days, and how much to charge consumers for certain products. Mathematical
programming has been used in various industries, such as banking, trucking, manufacturing, and
the medical field, just to name a few.
A scheduling study involving patients in the radiology department of a medical center
was conducted by Sickinger and Kolisch (2009) who used a generalized Bailey-Welch rule in
order to maximize the total expected revenues. The radiology department had two resources,
which are two computer tomography (TC) scanners, available to serve outpatients, inpatients,
and emergency patients. Each type of patient had their own priorities, arrival processes, and
costs. The total expected revenue is dependent on the revenues for served patients, costs of
letting patients wait, and the costs for denial of service. The generalized Bailey-Welch (GBW)
rule us used for the two server case with N slots per server and Nsched patients to be served in the
study. The results of the computations using the GBW rule identified the optimal number of
scheduled patients, which would yield the highest possible revenue.
Warner (1976) used a mathematical programming approach to optimize nursing
scheduling in accordance to their preferences. The schedule used for the experiment was a 1415

day work schedule, which indicated whether a nurse was working a day shift, an evening shift, or
scheduled off. Each nurse was then asked to rate characteristics of a schedule, such as
adaptability and consistency. They were then asked to weigh various characteristics of their own
schedules. For example, if they liked weekends off, preferred to work day or evening shifts, and
what duties they preferred to perform. Each nurse’s weights were then incorporated into the
mathematical programming. The program used these weights to calculate which schedule would
yield the highest level of acceptability. This was accomplished, creating various schedules and
comparing them to each nurse, which led to a value of that schedule for one nurse. Once all
possible schedules were created and compared to each nurse and their weights, a summation of
the schedules was calculated in order to determine the highest rated schedule. Mathematical
programming is a powerful technique used in simulation by hand; however, there are limitations
associated with the mathematical models.
Mathematical programming models have inherent limitations built into their structures.
Depending on the system that is being modeled, the techniques used could be time consuming.
Each event that occurs, or possible schedule output, must be modeled individually, and then
analyzed across each other in order to indicate effects and determine possible outcomes. If any
changes to the system wanted to be modeled, the researcher would have to redo all models and
programs in order to analyze the effects of the changes on the systems outcomes.
As an alternative approach, the use of computer simulation software allows for
researchers to construct a system, input multiple variables and attributes into the appropriate
processes and change of state event marker, and get results that can be used to predict possible
outcomes. Researchers are able to use computer simulations to make changes to the system’s
processes and events in order to view possible outcomes that may occur. Also, most systems
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have random variables that effect system operations, which mathematical models are unable to
compensate for.
Discrete Event Simulation. A simulation refers to a broad collection of methods,
applications, theories, and ideas that are used to replicate the behavior and functions of either a
real-world system or a conceptual model. Simulations can be created through various types of
mediums, such as by logical (mathematical), physical, or computerized models. Due to the
advances in technology, simulations with computer models have become the most commonly
used. Simply put, a simulation consists of developing and constructing a computerized model of
a real or conceptual system in order to gain a better understanding of the system’s functions,
flow, and outputs, all based on a given set of conditions (Kelton, Sadowski, & Sturrock, 2007).
There are many ways to classify simulation models, although there are three major
dimensions that are normally used. The first dimension consists of static versus dynamic
models. Time does not affect static models; processes have the same effect on one another no
matter if they are minutes apart or days apart. Dynamic models are sensitive to time, such as a
manufacturing plant. Simulation models can also be continuous or discrete. Systems that are
continuous can constantly be in a state of change over time, while discrete systems can change
state only at designated and separate points in time. A manufacturing plant is a discrete system;
machines go down due to failures or maintenance, employees have certain break schedules, and
parts are arriving and departing the plant at certain times. Finally, simulation models can be
deterministic or stochastic; deterministic models have no random input; that is, processes operate
based on a set time schedules and parts have set arrival times into the system with no variations.
Stochastic models, on the other hand, have at least some random inputs in the system. A bank
would be a stochastic model because the customers arrive randomly throughout the day, which
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requires varying service times. A hotel system can be thought as dynamic, discrete, and
stochastic.
Seven steps to a successful simulation study. When performing research using a
computer simulation model, there are many factors and considerations that must be taken into
account in order to assure that the study will be successful. A successful simulation is defined by
Kelton, Sadowski, and Sturrock (2007) as having not only an accurate and valid simulation
model but also answering the questions of the investigator and stakeholders. However, the
construction of a valid and successful model is only a portion of what is required to run a
successful simulation study. Law (2006) and Kelton et al. (2007) developed a seven-step
approach to conducting a successful simulation study. A pictorial depiction of the seven steps to
a successful simulation is illustrated in Figure 1.
The first step consists of formulating a certain problem, or question, that researchers or
stakeholders want to know and understanding why a certain outcome is occurs. During this
initial step, the problem is researched. A literature review is conducted on previous studies
similar to the question at hand. The second step is to collect data and document all assumptions
involved in the construction of the model. Data collection consists of either observing the
system or analyzing historical data in order to isolate the desired data sets that the simulation will
use. The data collected for the model depends on the initial problem about the system. The
problem statement directs the researcher towards what data to collect and input into the
simulation. An example of data that is normally collected includes cycle time for a part to travel
through the system, how long entities must wait to be processed, the probability that a part will
have to be reworked, how long resources are unavailable, and how many parts can be created
during a production run. Assumptions within a simulation study consist of certain processes or
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constraints within a system that do not need to be incorporated or considered into the simulation.
It is imperative to document all assumptions since they must be validated before the construction
of the simulation model can commence.
1

Formulate the Problem

2

Collect
Information/Data
and Construct
Assumptions Documents

3

Is the Assumptions
Document Valid?

No

Yes
4

Program the Model

5

Is the Programmed Model
Valid?

6

Design,
Conduct, and
Analyze Experiments

7

Document and Present the
Simulation Results

No

Yes

Figure 1. Seven steps to conducting a successful simulation study. Adopted from Law (2006).
Validation of the assumptions is accomplished by different options. Law (2006)
recommends using conceptual model validation. This technique consists of interacting with
subject matter experts (SMEs) who have knowledge in either the type of system being simulated
or expertise in model simulation and to review literature involved with similar studies. If the
assumptions are determined to be non-valid, further data collection and literature review is
needed. Once valid, simulation of the model can be constructed. The model is developed based
on conceptual principles observed by the researcher and SMEs, historical data, and the available
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data that can be collected. After the model has been constructed, it must then be validated. The
design and logic involved in the simulation model is analyzed by SMEs, who give their expert
knowledge to determine the face validity of the model. Face validity is the validation of an
experiment that will actually measure what it said to be measured. Once the SMEs agree that the
model is logically valid, then the actual outputs of the data can be validated. In order to
statistically validate the simulation, they must be statistically compared to the actual data of
system. If the model is found be invalid from either the SMEs or discrepancy with the results of
the simulation model, the researcher must consider revisiting the actual problem and the
assumptions and data collected involved in the flow and logistics of the simulation model
(Kelton et al., 2010).
Once the model is valid, the sixth step is to design, conduct, and analyze the results of the
experiment. This step involves the actual experimentation involved in the model. This is
accomplished due to the researcher modifying certain parameters of the model, such as run
lengths, number of entities entering the system, the random distribution of time data within the
processes, and the probability that an entity must be reworked. The researcher then determines
what output performance measures to analyze and compares the experimental results to the
initial valid model’s results.
The final step in the seven steps to running a successful simulation developed by Law
(2006) is to record the results of the simulation study and publish and present the study to the
scientific community.
Previous DES studies on service industry. Discrete event simulations have been used
extensively in the manufacturing industry regarding production processes, employment, and
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advertisement. However, in the following DES studies, there are numerous industries other than
manufacturing that utilize discrete event simulations in business planning and operations.
Simulation studies involving optimization have been conducted for over 30 years by
business developers and managers. Christy and Watson (1983) performed a survey of companies
that used simulation on a daily basis. Their findings indicated that the production area of the
business, optimization and resource use, used simulations 59%of the time. A study conducted by
Swisher, Hyden, Jacobson, and Schruben (2000) found that simulation had been a key tool used
in the development of new businesses and to optimize performance and efficiency in established
businesses. Prior to the 1990s, simulations focused on continuous input parameters, while
simulations conducted after the 1990s utilized discrete events.
A study conducted by Guizzi, Murino, and Romano (2009) used DES to simulate
passenger flow at a Southern Italian airport in order to optimize staffing costs. A discrete
stochastic model was constructed using Arena, a common simulation tool, to predict delays
among three possible flight process phases; check-in operations, transit from check-in to
boarding stage (including security screening), and finally the boarding stage. Utilizing
optimization software built into the simulation software, changes were made to the available
number of check-in desks and security control checkpoints and analyzed. The software found
the optimal number of desks and checkpoints available based on user input of staffing costs and
passengers’ acceptable level of wait times.
Werker, Saure, French, and Schechter (2009) performed a simulation study using DES in
the medical field. Their study focused on improving radiation therapy planning, focusing on the
point at which the tumor was localized to the point at which the patient it ready to be treated.
Inputs that were used in the model included the arrival rate of patients and their type of cancer,
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the time it took to complete the tasks, how often rework or alternate paths had to be made, and
resource utilization. The results indicated that providing a more consistent oncologist delay
reduced the planning stage by roughly 25 percent. Werker et al. (2009) also performed a
sensitivity analysis and a what-if analysis, each one allowing for the researchers to note the level
of impact each input has on the results of the simulation.
A simulation study using DES was performed by Giachetti, Centeno, Centeno, and
Sundaram (2005) in which they observed the flow of an outpatient clinic and used Arena to
model the system. Their goal of the study was to analyze the patient waiting time, availability of
resources, and the time that it took to complete the various processes. Through observations, it
was determined that the high amount of no-shows, 50%, the block type scheduling, and resource
utilization were the causes of the high patient wait time. After completing and validating the
model, the results indicated that an increase in doctors’ ability to discharge, a restructured
blocking schedule, and a more formal definition of the nurses’ tasks would decrease the patients
time through the system by 50%.
Centeno, Giachetti, Linn, and Ismail (2003) conducted a simulation using DES with
Arena in order to find an optimal staffing schedule within an emergency room (ER). Patients
arrive to the ER two possible ways, from emergency, or by themselves. Depending on the mean
number of patients arriving, the number of beds available, and the severity of their emergency,
they are grouped into categories. These categories determine the order in which the patients are
escorted to a bed, where a registered nurse (RN) performs initial treatment before the physician
arrives, who then determines the proper procedures. The researchers used Arena to model the
ER using the available information for the processes stated above and used the results in an ILP
model to determine the optimal number of RNs needed. Their results found that by utilizing
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these two models, the modeled ER can reduce RN person-hours by 34.4 hours, a 28%
improvement.
A study by Chong, Grewal, Loo, and Oh (2003) revisited a previous study from 2001 that
involved using Arena to develop a decision support system (DSS) of Air Canada’s passenger
check-in process at Calgary International Airport. Their previous study was revisited with an
updated version of Arena and to analyze the impact of 9-11 on customer arrival and service
times. The researchers collected data from passengers’ arrival rates, queue wait times, and the
time it takes passengers to get through ticket counters, service times. There were three check-in
counters: East, West, and Transborder, and two types of passengers: Business Class and
Hospitality Class. Using the data collected, an Arena model analyzed the data and computed the
results for each passenger type and the three check-in counters. These results were given to Air
Canada, which recommended that they should schedule fewer staff during previous peak periods
in 2001 and have more servers during less predicted busy times. It was also discussed that
changes to the timing of departures and the size of the aircraft can have a huge effect on waiting
times.
Simulation models in the hospitality industry. There has been very little research
conducted using discrete event simulation in the lodging portion of the hospitality industry.
However, simulation studies that do use DES involve businesses in the food industry, rather than
with lodging industries. Most studies involved in the lodging portion of the hospitality industry
used simulations that replicated everyday situations, which industry employees may encounter in
order to train to handle these situations properly.
A study performed by Curland and Fawcett (2001) focused on the perceived problem of
undergraduates’ difficulties in applying numerical skills in subjects that require a certain level of
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mathematics, such as operations management and finance. Prior research has found that this
inability to cope with numbers in these types of subject areas can hinder further development in
higher education. This study analyzed students who were majoring in hospitality management
and used Cornell Research Administration Simulation Exercise (CRASE) model to teach the
students the importance of mathematics in the hospitality industry. The CRASE model is
constructed in such a manner that it causes a competition between a group of students, which
causes a sense of urgency and understanding of numerical skills and how to apply them to
hospitality operations. The simulation model introduced various mathematical techniques to the
students and provided varying values and circumstances in which to use the techniques during
operations. This method of teaching was done to instill the sense of understanding and need for
math in certain operations, such as finance analysis and food and beverage costs. Their results
were based on feedback from the students and what they liked and did not like about CRASE.
The use of simulation to replicate real-world situations in hotel operations for training
purposes was studied by Martin and McEvoy (2003). The hotel operational training simulation
(HOTS) model was used in the study as a training device for students majoring in hospitality
management; the students would then rate the effectiveness and quality of the model. The HOTS
model is an economic simulation model that allows students to manage a hotel for a number of
years. They are able to manipulate the room rates, restaurant food and beverage menus and
pricing, advertising and promotions, and hotel refurbishments and expenditures. The hotel
operations are simulated, allowing the students to update and manage the variables listed above
depending on the outcomes of the model. The results of the students’ opinion of the HOTS
model were positive. Rating levels were all above 6.44, out of 10, and consisted of rating
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categories involving understanding of quality service principles, dynamic learning experience,
and understanding of strategic thinking, just to name a few.
Feinstein and Parks (2002) conducted a literature involving the use of simulation theory
and models in the business and hospitality industries. Literature in the hospitality portion of the
study found that simulation has been used extensively in the food-service section for over 40
years. They noted how simulation techniques and models have evolved over the years, initially
focusing mathematical simulations, and as technology advanced, so did the models. In the
1980s, simulation models were used extensively not only in business practice but also in the
education of hospitality professionals. During their literature review, there has been very little
research and application of simulation models on the operations of the lodging section of the
hospitality industry.
This lack of DES in the lodging portion of the hospitality industry indicates a need for
future research in the area.
Objectives
The first step in conducting a proper experiment is identifying the problem (Law, 2006).
A constant issue involving guests and their stay at lodging establishments has been the wait time
for their rooms to be cleaned; this involves both walk-in guests and guests with reservations.
Even though businesses advertise a certain check-in time, there are guests that want to check-in
to the hotel before then. If this occurs on a morning of a large checkout day, they may have to
wait for over an hour for their room to be cleaned. The guests’ perception of service quality
offered to them from the establishment degrades as the amount of time that they must wait for a
clean room increases. This slow turnover rate is a conflict that management must deal with at a
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later time – i.e. guests wanting a discounted rate due to the wait, which decreases the profits for
the hotel.
The objective of this study was to minimize the cost of housekeeping payroll and develop
a predictive model between the number of housekeepers scheduled and the number of rooms
checking out and staying over. This study used a DES model, which can then be used a
predictive tool for other lodging establishments in the hospitality industry, to create a
computerized representation of the Best Western Plus Aku Tiki Inn. The model was also used to
determine a feasible and efficient work schedule; the byproduct of obtaining these objectives was
the creation of an efficient housekeeping staff schedule. The staffing schedule identified how
many housekeepers are needed on certain floors in order to clean the rooms as quickly as
possible. The schedule will be dependent upon the allowable wait time that guests could wait for
a clean room to become available.
Methods
Best Western Plus Aku Tiki Inn
The Best Western Plus Aku Tiki Inn has served the Daytona Beach Shores for over 65
years, catering to families that want to experience the quieter and relaxing part of the “World’s
Most Famous Beach.” The hotel is located directly on the beach, which offers all rooms a view
of the Atlantic Ocean. There are 132 rooms separated into five stories, and the hotel offers
various amenities including an attached restaurant. A floor plan of the first floor is displayed in
Figure 2. The Aku Tiki Inn’s theme is designed after the Polynesian islands and culture. This
theme is portrayed on all levels of the hotel, from the huge replica Tiki head on the outside of the
Inn to the lamps in all of the rooms. It is designed to teleport the guests from Daytona Beach
Shores to the tropical islands.
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Figure 2. Layout of the Best Western Plus Aku Tiki Inn’s first floor. All subsequent floors have
only rooms but the layout is similar.
The Best Western Plus Aku Tiki Inn employs over 40 individuals from numerous
countries including the United States, Canada, Europe, and the Caribbean Islands. Guests of the
Aku Tiki Inn are just as diverse as the employees, traveling to the hotel from all regions of the
world. Most guests travel to the Aku Tiki Inn during the summer months, which are the busiest
time of the year for the hotel. However, special events around the Daytona Beach area draw a
large amount of guests. This is why the hotel utilizes most of its resources during its peak season
to ensure that there is an acceptable time in which room turnovers occur; that is what is being
modeled and analyzed in this study.
Operations flow. Most hotels throughout the world are open 24 hours a day, 7 days a
week, and the Best Western Plus Aku Tiki Inn is no exception. Employees of the Aku Tiki fall
within certain shifts; the front desk is broken up into three shifts, and the housekeeping
department has its own shift. The front desk agents either work the A-Shift (7:00 a.m. to 3:00
p.m.) or the B-Shift (3:00 p.m. to 11:00 p.m.) depending on their experience level, guest
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interaction abilities, and personal schedules. For example, agents with a high level of experience
and good guest interaction techniques work Friday evenings, Saturdays, and Sunday mornings.
These three days are the busiest days at the Aku Tiki Inn and involve a high level of check-ins,
checkouts, and occupancy levels. The C-Shift (11:00 p.m. to 7:00 a.m.) is designated for the
night auditor since this time bracket allows all the backend operations of the hotel to be
conducted. This includes balancing the taxes for the hotel and the attached restaurant, balancing
the guests’ balances, and charging all credit cards based on the transactions performed that day.
The last shift pertains to the housekeepers, a department that also must work every day of the
year. Housekeepers are expected to arrive at the hotel at 9:00 a.m. and have 15 minutes to stock
their housekeeping carts and get their work orders for that day. Housekeepers are expected to
have all their rooms cleaned or serviced by 3:00 p.m. There are two reasons why housekeepers
are given this shift. First, the published and recommended check-in time for all guests is any
time after 3:00 p.m. The second reason is due to financial concerns. Just like all other industries
worldwide that provide services to clients, the hospitability industry wants to increase profit and
reduce costs. This time frame gives each housekeeper a maximum of 5 hours 15 minutes to
clean and service all of his or her rooms, which averages to be 12 rooms per housekeeper at the
Aku Tiki Inn. Guests are required to check out of their rooms by 11:00 a.m. This gives the
housekeepers four, to clean the rooms of guests who checked out, although guests normally leave
before the 11:00 a.m. time limit. Weekends, Mondays, and special events are the only days that
housekeepers may come close to working till 3:00 p.m.; they normally finish their rooms earlier.
When they have finished their rooms, the housekeepers are required to leave. The daily
operational flow of hotel operations consists of three core processes. First, guests check out of
their rooms, normally between 7:00 a.m. to 11:00 a.m. Housekeepers then clean departed rooms
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on reservations first, then departed rooms not on reservations, and finally rooms that need to be
serviced. However, this all depends on the time that guests check out of their rooms. The
housekeepers may service occupied rooms while waiting for departure rooms to become vacant.
The operational flow of the housekeeping department is explained further in this section. The
final process pertains to guests with reservations or walk-ins who check in to vacant rooms,
which normally occurs after 3:00 p.m. Figure 3 displays a pictorial representation of the hotel’s
operational flow. As seen in Figure 3, each process dependents on each other. Once the guest
has checked out of a room, then the housekeepers can clean it. Once the room is clean, then the
new guest is able to check in.

Figure 3. Basic pictorial representation of a Functional Flow Block Diagram of the daily hotel
operational flow of the Best Western Plus Aku Tiki Inn.
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The housekeepers report to the housekeeping department by 9:00 a.m. They then receive
their paperwork, which lists what rooms are occupied, due out, departed, and on reservation.
The housekeepers then go to their designated floors, check their carts for enough supplies, and
then walk to the rooms they are to clean that day. Each floor is separated into two sections, East
side and West side. The housekeepers on the East side have 12 rooms to clean, and those on the
West side have 13; this is true for all floors except the first floor, which has three fewer rooms.
Figure 4 is a floor plan of an efficiency-type room at the Aku Tiki Inn, while Figure 5 is a floor
plan of a king-bed-type room. Housekeepers first clean rooms that housed guests who already
checked out and are reserved by new guests. If there are none, then the housekeepers go to
rooms that housed guests but are not on reservations. If no rooms have checked out, they then
service rooms that are occupied.

Figure 4. Floor plan of a king type room at the Best Western Plus Aku Tiki Inn.
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Figure 5. Floor plan of an efficiency type room at the Best Western Plus Aku Tiki Inn.
This process is repeated throughout the day; once a reserved room leaves, that room
becomes a priority and is the next room to be cleaned. Throughout the time that the
housekeepers are working, a houseman brings up supplies and empties their garbage. The
houseman position is in place to decrease the amount of time it takes to clean a room. This is
achieved because the housekeepers do not have to waste time and go down to the laundry and
restock the depleting supplies on their carts.
Management’s goal is to reduce the amount of resources needed to clean rooms. The
resources required to clean rooms include supplies, a workforce, and money. Each one of these
resources revolves around time; the more time it takes to clean rooms, the more supplies needed,
and the more management has to pay the housekeepers. Due to this intertwined involvement
between time and other resources, management stipulates the amount of time it is expected for a
room to be clean and holds the housekeepers to this time mark. Therefore, there is an inherent
tradeoff between the time it takes to clean a room and the quality of the job done. In order to
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minimize the chance of housekeepers spending too much time in the room, the head housekeeper
must check each cleaned room before it can be released to the front desk to either rent or check
in the guests. This process ensures that the rooms that are being rented and occupied by valued
guests are at the appropriate Best Western Plus standard, which the hotel is required to meet.
Procedures
In order to find the optimal performance measures, data from the housekeeping
department and front desk was collected from the Best Western Plus Aku Tiki Inn for the course
of a typical week. The type of data collected included times, number of completed rooms, and
the number of guests that visit the front desk, which is discussed in the next section. This data,
along with historical time data, was inserted into Input Analyzer, a computer program used to
determine random distributions of time based on data, in order to find the correct random
distribution values, which were inserted into the Arena model. The data collected from
observation also aided in the verification and validation of the model, as well as input from
SMEs. Once the model was verified as being accurate and validated as an actual representation
of the Aku Tiki Inn, the performance measures were run through an optimization program,
OptQuest, which uses tabu search to find optimal values of defined variables based on
constraints, which were then analyzed. Finally, a sensitivity analysis, which determines what
variables have an impact on the results of a system, was conducted regarding the allowable time
guests could wait for a clean room and the number of checkouts and how this factor impacts the
housekeeping schedule.
Data Collection
Data collection occurred at the Best Western Plus Aku Tiki Inn for one week.
Management of the Aku Tiki Inn were contacted prior to the data collection period and informed
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about the objective and goal of this study. They had agreed to the observation of their employees
and fully support the purpose of this study. There were two areas of interest at the Aku Tiki Inn
for this study, the front desk and housekeeping. The actual data collected for guests checking out
included the time that each guest checked out, the room type that they leave, whether they were
an early departure or had a late checkout given to them, and the total time that it took them to
check out with the front desk. For guests checking in, the data included the time when guests
arrive to check in, the time that they leave the desk, the total time that it takes a guest to checkin, the type of room and type of guest checking in, inquiries on rooms, and when clean room lists
are turned in. Table 1 outlines the front desk input data for checkouts, and Table 2 has the input
data for the check-ins. The input data of particular interest included number of checks per room
type, the time that the room types checked out, the time in which each room type checked in, and
finally the number of room types checking in. These data sets are the independent variables
(IVs) for this study. The main reason why high occupancy days were chosen to observe and
collect data was because the hotel is normally at capacity, and there was a greater chance that
were equal number of checkouts as there is check-ins. This fact indicates that it was likely that
each room that has been checked out will be on reservation, which has a huge impact on the
room turnover times.
Table 1
Input Data – Check Outs
Input Data
Time Left Desk

Description
The time when a guest completes the checkout process.

Room Type

The type of room (NV, PV, OF) which he or she checks out
of.

33

Table 2
Input Data – Check-Ins
Input Data
Check In Time

Description
The time when a guest arrives to check-in.

Time Left Desk

The time when a guest completes the check in process.

Total Check In Time

The total time that it takes a guest to check in.

Room Type

The type of room (NV, PV, OF) that he or she checks in to.

Inquiries

The number of scheduled reservations for a certain day.

Regarding data collection for the housekeeping department, the floor with the most
checkouts was selected in order to gather the most amount of the time data as possible for the
study. The observer was located in the middle of the hall, allowing for easy observation of both
housekeepers on that floor. The data required from the housekeepers for the computer model
included the time they entered a room, the status of the room, if the guest was scheduled to leave
that day, the room type, how long it took the housekeepers to clean the room, and how many
housekeepers were cleaning the room; Table 3 itemizes the input data for the housekeeping
portion of the model. The IVs for the housekeeping department were the number of rooms that
checked out and were serviced for each type of room. The data collected was used to obtain a
time distribution that would be used in the computer simulation model.
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Table 3
Input Data – Housekeeping
Input Data
Time in Room

Description
The time when the housekeeper enters the room.

Time Out

The time when the housekeeper finishes cleaning the room.

Total Time in Room

The total time to clean the room.

Room Type

The room type (NV, PV, OF).

Room Status

Whether the room is to be serviced, has a reservation, or is
open to sell.

Number of
Housekeepers

The total number of housekeepers in the room.

Time Room Checked
Out

The time when the room checked out that morning.

Time Room Checked In

The time when the room checked in that day.

The head housekeeper was also observed in order to collect the time it took to check that
a room meets Best Western Plus standards and the frequency with which the head housekeeper
turned in a clean room list to the front desk.
Data was collected by the sole researcher of this study, using a digital clock along with a
pen and Microsoft Excel spreadsheet in order to record the time data. A representation of the
spreadsheets can be seen in Figure 6; all spreadsheets used in the study are located in Appendix
A. Once the data was collected on paper, it was inputted into Microsoft Excel in order to keep a
hard and soft copy of the data. An electronic version of the data also made it easier to transfer
the time data to other computer programs, such as Arena and SPSS
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Data Collection Sheet for Housekeeping Times
Housekeeping

Date:
Hotel:
Floor:
HK 1

HK 2

Number of Scheduled Check-Outs
Number of Scheduled Reservations
Number of Scheduled W/I Rooms
Number of Scheduled Services

Time In Room

UnSch C/O Res/WI/Ser

Time Out

Total Time in Room

# of HK

Room 1
Room 2
Room 3
Room 4
Room 5
Room 6
Room 7
Room 8
Room 9

Figure 6. Sample spreadsheet used to record the time data from the housekeeping department.
Model Assumptions
In order to create an accurate, verified, and valid model, certain assumptions had to be
made. Assumptions are determined based on the data collected and the level of detail with
which the model will be created. Kelton et al. (2007) stated that computerized models should be
as simple as possible; however, they should still maintain a certain level of detail that will allow
for the desired results to be found using the available data. Assumptions allow for this simplicity
to occur during model construction; the model is built depending on what data was collected and
what results are desired. A simple model allows for an easier time to follow the logic and flow
of the model, and it also limits the probability that errors (bugs) would occur and the time it takes
to debug the model.
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The following assumptions were made for this study:


Room view will be the only differentiating factor regarding the room types that guests
occupied in the model. There are actually five different types of rooms located in either
one of the three room views at the Aku Tiki Inn. The time that was required to clean or
service each room was the same among the types. Room view was chosen to collect the
time data from because most guests have more requests for the location of the room, not
the type.



The model only factored in two scheduled breaks that the housekeepers take. The first
break occurs at 11:00 a.m., which is 15 minutes long, and the second consists of their
lunch break, which began at 12:30 p.m. and lasted until 1:00 p.m. The housekeepers may
take quick breaks, such as smoking or getting a snack or drink, but these breaks are not
implemented into the model due to the inconstancy regarding the duration and time of
day they are taken, if at all. If any of these quick breaks are taken, the time is factored
into the amount of time it took to clean or service a room.



There are a total of two housekeeping carts located on each floor. However, this does not
mean that only one housekeeper could use a cart. Housekeepers from other floors may be
assigned to help other housekeepers that still had rooms to clean. There are two options
for a cart with multiple housekeepers; either two housekeepers for one room or each
housekeeper cleans a room. As expected, the rooms were cleaned twice as fast when
there are two housekeepers attending to one room. Although, if the housekeepers each
clean their own room, then two rooms were cleaned in the time it takes to clean one
room.
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Housekeeping carts need to be restocked throughout the day, whether by the housemen or
housekeepers themselves. The time that it took for supplies to be delivered to the
housekeeping cart is factored into the time it took to clean or service the room. If a wait
time due to laundry occurred, this time was also lumped into the cleaning or service time.
Wait times occurred on a fairly regular basis at the Aku Tiki Inn, which allowed for this
lumping of times to occur.



The model was constructed in such a manner that portrayed the hotel with full
occupancy. This was done in order to simulate a hotel during high-occupancy conditions,
which causes a high room turnover rate. A fully occupied hotel also increased the chance
for a guest to wait for a room, which was a major focus of the study.

Modeling Software
This study utilized Rockwell Automation’s Arena version 13 computer simulation
software to model the Best Western Plus Aku Tiki Inn. Arena is a graphical user interface (GUI)
based DES software, which allows for a user to easily and logically place the appropriate process
blocks to recreate a computerized version of a system (Kelton et al., 2010). Although, Arena
does offer support for advanced users who prefer to use basic codes to build the system.
Simulation software, such as Arena, gives modelers the ability to experiment on system by either
creating or manipulating certain processes or entities involved in the system’s operations and
analyzing the results (Rockwell Automation, 2011). New operational techniques, new machines,
altered schedules, or “what if” scenarios can be implemented into the system without disturbing
the operational flow, using unnecessary resources or putting the system and its components in
danger.
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A model is constructed in Arena by selecting the various blocks, placing them in the
appropriate area and order, and connecting them in such a way the system flows correctly. Once
the frame of the system is in place, decision variables, entities, and resources are incorporated
into the appropriate processes. Outputted performance measures of the system are generated,
allowing users to perform various statistical analyses. The total utilization of resources, average
number and time in process queues, and the average time of the entities in the system are a small
number of performance measures that Arena collects. Arena also contains a vast amount of
pictures and images that allows for the users to animate their models. The ability to animate a
model makes it easier for those not experienced with computer modeling to follow the system’s
operational flow.
The Arena version 13 software package comes with two add on programs, Input Analyzer
and OptQuest. The first software, Input Analyzer, is designed to analyze raw data that is input
into the program and determine a set of probabilities which then will be used in the Arena model
(Kelton et al., 2010). Input Analyzer uses a goodness-of-fit test on the data used in the program
in order to find appropriate distribution parameters. The goodness-of-fit process consists of
using a set of real-world data and compares them to expected values of the model in question
(Law & Kelton, 1991). Chi-square testing is the oldest and most used goodness-of-fit hypothesis
test, which creates a histogram based on the data and compares it with fitted density (Law &
Kelton, 1991). There are three steps involved in determining the best theoretical distribution for
a set of data. Step one consists of hypothesizing which general families, such as normal or
exponential, seem to be appropriate based solely on their shapes. Once the candidate families
have been hypothesized, the data is then used to estimate the fitted function, ̂ based on their
parameters. This step involves selecting an estimator, which is a numerical function of the data
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and determines the probabilities of the data’s parameters. The most used type of estimator is the
maximum-likelihood estimators (MLE), which determines the probability, or likelihood, that a
certain parameter will be a part of the observed data. Once the estimator has been chosen, the
final step of performing a goodness-of-fit test, to test the following null hypothesis:
H0: The data points are individually independent distribution (IID) random variables with
distribution function ̂ .
After the goodness-of-fit test is performed on the data and the results indicate that the H0
must be rejected, then an empirical distribution must be used. An empirical distribution is when
random values from the data are generated during the simulation. The following equation was
used in order to specify the continuous, piecewise-linear distribution function F by first sorting
the
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The OptQuest program allows for the identification of optimal areas of a specified output
performance measure using mathematical programming, such as tabu search and scatter search.
These types of searches are basically a process that analyzes a set of variables and marks that
particular combination of variable values as already been used. OptQuest finds an optimal area
by manipulating the model’s variables and Arena Controls (input parameters that the user
specifies) based on an objective the user wants to optimize.
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Verification and Validation
The amount of time that guests had to wait for a clean room was collected from the Aku
Tiki Inn and used to verify that the model works and validate it to ensure that the model was an
accurate representation of the hotel. Verification is done by debugging to find and fix all errors.
The reason why errors are to be forced and debugged is because the model must be able to run
any reasonable type of scenario, just like the actual system that is being modeled.
Validation of the model is asserted after in two types of validation are confirmed, face
validation and statistical validation. Face validation is when a SME or qualified individual
analyzes the model and determines that it is actually measuring what it was created to measure.
Once the face validity has been assured, the data used throughout the model is statistical
validated. This type validation is accomplished by statistically comparing the results of the
models output data values with the observed data. In order for the model to be considered
accurate, a t-test was used to compare the results of the waiting times for guests. The results
between the observed data and the motels data were compared statistically in order to calculate a
p value (Kelton et al., 2010). A statistical p value that is greater than a 0.05 alpha value means
that the computer model is within the same population as the Aku Tiki Inn, which indicates a
valid model. The validation of this model was proved valid due to a p value that was greater
than the 0.05 alpha level.
Experimentation
The objective of this study was optimize the number of housekeepers to schedule while
satisfying guests’ demands and waiting time requirements. The performance measures of
interest for this study included the average and maximum times in which guests must wait for a
clean room to become ready to check in to, the number of checkouts per day, the number of
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housekeepers to schedule, and how long to schedule the housekeepers, which is displayed in
Table 4.
Once the model and system are optimized, the optimal number of housekeepers and their
work length were inserted into the model. The results of the new model were statistically
compared to the initial results in order to determine if there was a significant difference between
the two models. A single sample t-test was performed in order to determine if there was
significance between the two computer models of the Aku Tiki Inn.
Table 4
Performance Measures
Name
Average Waiting Time

Description
The average time guests must wait to check in.

Maximum Waiting Time

The maximum time that a guests has to wait to check in.

Number of Checkouts

The number of checkouts per day.

Number of Housekeepers
to Schedule

The number of housekeepers need to schedule.

Length to Schedule
Housekeepers

The length that the housekeepers need to be scheduled.

Once the data was collected from the Aku Tiki Inn, an Arena model was constructed and
validated. After validation was achieved, the built in program OptQuest was used to determine
the optimal areas of specific performance measures, i.e. the dependent variables, based on the
following constraints:
Housekeepers2 ≤ Housekeepers1
Average Waiting Time ≤ a
Max Wait Time ≤ b
OF Rooms C/O In = OF Rooms C/O Out
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OF Rooms Serv. In = OF Rooms Serv. Out
PV Rooms C/O In = PV Rooms C/O Out
PV Rooms Serv. In = PV Rooms Serv. Out
NV Rooms C/O In = NV Rooms C/O Out
NV Rooms Serv. In = NV Rooms Serv. Out
Where:
Housekeepers1 refers to the number of housekeepers working from
9:15 a.m. to 12:30 p.m.
Housekeepers2 is represented of the number of housekeepers
working from 1:00 p.m. till the last room is cleaned
a indicates the average acceptable waiting time of arriving guests
b represents the maximum allowable wait time for arriving guests
Once an optimized model was created based on the above constraints, the acceptable time
that guests must wait for a clean room was manipulated as well as the number of checkouts, i.e.,
a sensitivity analysis.
A sensitivity analysis is defined as varying an input and measuring the effects on the
model’s output (Werker et al., 2009). This type of analysis is also known as what-if scenarios;
which is when changes are made to various input parameters and the outputs of the changes are
analyzed. The input variables that are being changed include the number of room checking out
and the average and maximum acceptable wait times for arriving guests. Regarding the number
of checkouts, increments of 10 were used to in order to determine if there was any sensitivity due
to change in checkouts. The initial number began at 10 and was incremented up to 100. The
average waiting time for guests began at less than 4 minutes and was increased by 2 minutes up
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until 14 minutes. Maximum waiting times for arriving guests began at less than 60 minutes and
were increased by 15 minutes up until 135 minutes.
The number of housekeepers working from 9:00 a.m. till 12:30 p.m. (Housekeepers1),
the number of housekeepers scheduled from 1:00 p.m. until the last room is cleaned
(Housekeepers2), and the length that Housekeepers2 are scheduled to work for are the output
measurements of interest.
Results
Model Structure
The Arena model for this study was separated into four points in order to manage the size
and flow of the model. The first section determines the number of check-outs for ocean front,
pool, view and north view rooms per day. An entity enters the system at time zero, which then
specifies the number of rooms, per type, which are checking out for that day. Figure 7 illustrates
the construction of this portion of the Arena model.

Figure 7. Arena model of the number of room types checking out per day.
The next section of the model involves the room types checking out (leaving) the system,
which creates an empty room that the housekeepers must clean. The room departure rates were
determined by the using the historical data from the Aku Tiki and counting the number of rooms
that checked out during half-hour time increments throughout each day for the 2010 month of
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July. Each time period total was then divided by the number of days in the month and multiplied
by two in order to get the hourly arrival rate. Before the empty room seizes a housekeeper, the
model decides whether a guest is waiting for that room type, which becomes a high priority and
the housekeeper cleans first. Once the room has been cleaned, the housekeeper is free to clean
other rooms, and the empty room sends a signal to waiting guests that releases them to check in
to the room. The flow of this process can be seen in Figure 8, which illustrates all three room
types.

Figure 8. Arena model of the rooms becoming available for housekeepers to clean and the
cleaning process. The upper diagram represents: oceanfront, middle: pool view, and bottom:
north view.
The third section of the Arena model creates the number of rooms staying over that need
to be serviced. This value is determined by subtracting the number of rooms checking out per
room type from the number of total rooms of that type which are at the hotel. Before the
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serviced rooms seize housekeepers, each decides whether they want service at all. The
percentage of rooms choosing not to be serviced is 19%, which was obtained from observations
during the one-week period. Those that do choose to be serviced seize housekeepers if there are
any available which are not cleaning empty rooms. Figure 9 displays the serviced room process.

Figure 9. Arena model of service rooms being created and serviced be housekeepers.
The final process, which is modeled in Arena, was the arrival of guests wanting to check
in to a certain room type. Three types of guests enter the system, each wanting a specified room
type, ocean front, pool view, or north view. The guests’ arrival rate was determined by the using
the historical data from the Aku Tiki and counting the number of rooms that checked in during
half-hour time increments throughout each day for the month of July 2010. Each time period
total was then divided by the number of days in the month and multiple by two in order to get the
hourly arrival rate. Once the guests arrive, a decide process is used determine whether the
guests’ room type is available to rent; if there is not a room, then the guests leave the system. If
a room of their type is available, the guests must then either wait for a room to become ready or
check in to an already clean room. Waiting guests must wait for a signal from the rooms
checking-out process to indicate that a clean room of their type is available to check-in to. This
section of the model is illustrated in Figure 10.
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Figure 10. Arena model of guests arriving at the hotel to check in to their specified room types.
The upper diagram represents: oceanfront guests, middle: pool view guests, and bottom: north
view guests.
Input Data Analysis
Before the model was verified and validated, the data collected was analyzed and
organized to work within the model. First, the rate for which the room types checked out and the
guests arrived was inserted in the model, which was discussed earlier in this study. Figure 11
illustrates the guests’ arrival rates, and Figure 12 illustrates the departure rates for the three room
types.
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Guests' Arrival Rates per Hour
3.500
Hourly Arrival Rate
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2.500
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Figure 11. Arrival rates for guests coming to the hotel.

Guests' Departure Rates per Hour
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Hourly Departure Rate

5.000
4.000
Oceanfront Rooms'
Departure Rate

3.000

Pool View Rooms'
Departure Rate

2.000

North View Rooms'
Departure Rate

1.000
0.000
1 4 7 10 13 16 19 22 25 28 31 34 37 40 43 46
Time (half hours)

Figure 12. Departure rates for guests staying in the three room types.
The remaining data collected from the Best Western Plus Aku Tiki Inn was analyzed by
Arena’s Input Analyzer. Input Analyzer used goodness-of-fit testing to find the best random
distribution function to represent the data to use in the model. The data used in the model
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included the time it took the housekeepers to walk to a room, the times it took to clean an empty
room and to service an occupied room, and the rate for the number of rooms checking out per
day. A chi-square goodness-of-fit test based on an alpha level (α) of 0.05 was performed on all
the data. A theoretical distribution is valid when p > 0.05 because this indicates that the fit
distribution data is from the same population as the actual data. However, some data was not
able to fit with a theoretical distribution; p < 0.05. These data sets used empirical distribution in
the Arena model. Figures 13 – 18 display appropriate distributions for the data.
Time to Walk to Rooms Distribution
16
Actual Data
Fitted Model

14
12

Frequency

10

LogNormal (0.927, 0.764), p > 0.176

8
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2
0

0
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Figure 13. Lognormal distribution for the time it takes housekeepers to walk to the rooms.
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Time to Clean Checkout Rooms Cumulative Distribution
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Figure 14. Empirical distribution for the time it takes housekeepers to clean a checked out room.

Time to Service Occupied Rooms Distribution
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Figure 15. Triangular distribution for the time it takes housekeepers to service an occupied room.
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Oceanfront Max Checkout CumulativeDistribution
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Figure 16. Empirical distribution for the number of oceanfront rooms that checkout per day.
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Figure 17. Empirical distribution for the number of pool view rooms that checkout per day.
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North View Max Checkout Distribution
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Figure 18. Erlang distribution for the number of north view rooms that checkout per day.
Once the input data was organized and formatted for the model, it was inputted into the
appropriate processes. The next step was to have a subject matter expert (SME) from the hotel
analyze the model to ensure the face validation of the structure and flow of the model. After the
model was validated by the SME, it was validated statistically using the average arriving guest’s
wait time.
Model Validation
Validation of the model was conducted by statistically comparing the average guests wait
time from the computer model to the observed wait times collected from the Aku Tiki Inn. The
performance measure used to validate the model was the average waiting time of guests. The
Arena model was run for 100 replications, which yielded 100 samples (n = 100) of the average
time arriving guests waited for a clean room. This data set was compared to the actual observed
wait times for guests, which was collected over a period of a week (n = 7).
Table 5 presents the descriptive statistics for the two data samples used in this study.
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Table 5
Descriptive Statistics for the Independent-Samples t-Test
Source of Data
Waiting times for
Arena Model
the guests
Observed

N
100
7

mean
4.8992
7.1459

sd
7.52556
6.82441

Levene’s test for equality of variance indicated that there was equal variance between the
two groups (F = 0.001, p = .982). An independent-samples t-test was conducted in order to
statistically analyze the two groups of wait times to each other. The results of the independentsamples t-test showed there was not a significant difference between the two waiting time data
sets, t(105) = -0.767, p = 0.445. These results from the independent-samples t-test indicate that
the Arena model is a valid representation of the actual Best Western Plus Aku Tiki Inn. Once
the model determined to be valid, Arena’s OptQuest program was used to find the optimal
number of housekeepers to staff and for how long.
Staffing Optimization and Sensitivity Analysis
The objective of OptQuest was to find an optimal schedule for housekeepers in order to
minimize costs. Nine constraints were implemented into OptQuest to find the minimum staff
needed to employ based on the number of checkouts and the average and maximum waiting time
for arriving guests.
Objective: Minimize number of housekeepers scheduled
Minimize: Housekeepers1 + Housekeepers2
Subject to:
Housekeepers2 ≤ Housekeepers1
Average Waiting Time ≤ a
Max Wait Time ≤ b
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OF Rooms C/O In = OF Rooms C/O Out
OF Rooms Serv. In = OF Rooms Serv. Out
PV Rooms C/O In = PV Rooms C/O Out
PV Rooms Serv. In = PV Rooms Serv. Out
NV Rooms C/O In = NV Rooms C/O Out
NV Rooms Serv. In = NV Rooms Serv. Out
Housekeepers1, Housekeepers2, a, b must be integers
Housekeepers1, Housekeepers2, a, b ≥ 0
Where:
Housekeepers1 refers to the number of housekeepers working from
9:15 a.m. to 12:30 p.m.
Housekeepers2 is represented of the number of housekeepers
working from 1:00 p.m. till the last room is cleaned
a indicates the average acceptable waiting time of arriving guests
b represents the maximum allowable wait time for arriving guests
Along with the aforementioned constraints, the total number of checkouts was also
changed to constant numbers per replication. Increments of 10 were used to test the sensitivity
of the number of checkouts, ranging from 10 to 100. In order to accurately represent a proper
ratio of room types checking out for each increment, probabilities were calculated for each room
type. Oceanfront, pool view, and north view rooms were 10%, 44%, and 46%, respectively, of
the total number of rooms checked out. These ratios were based upon historical data and were
calculated by dividing the total number of each room type with the total number of checkouts for
the month of July 2010; Figure 19 displays the ratios using a pie chart.
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Ratios of Room Types Checking Out

10%
46%

Oceanfront

44%

Pool View
North View

Figure 19. A pie chart representing the ratios of each room type regarding the number of rooms
checking out.
The results of the sensitivity analysis found that the total number of housekeepers to
schedule based on acceptable waiting times was sensitive to a change in the number of
checkouts. The following tables display the number of checkouts and the ranges of the average
wait times, less than 4 minutes to 14 minutes, and maximum wait times, less than 60 minutes to
135 minutes, for guests waiting to check in. The tables also display the results of OptQuest
regarding the number of housekeepers to employee in the morning, Housekeepers1, the number
of housekeepers to staff after lunch, Housekeepers2, and how long Housekeepers2 need to be
scheduled for represented in quarter hours. The final column in the tables displays the total
housekeeping staffing costs per day based on the number of housekeepers scheduled and the
hours they are scheduled to work multiplied by minimum wage, $7.25. Tables 6 through 10
display the number of housekeepers to schedule based on the acceptable average waiting time for
guests, which are dependent on the number of checkouts.
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Table 6
Sensitivity Analysis Results for Average Acceptable Guest Wait Times, 10 – 20 checkouts
Constraints
Number of
Average Allowable
Checkouts
Wait Times

10

20

Avg. Wait ≤ 4 min
Avg. Wait ≤ 6 min
Avg. Wait ≤ 8 min
Avg. Wait ≤ 10 min
Avg. Wait ≤ 12 min
Avg. Wait ≤ 14 min
Avg. Wait ≤ 4 min
Avg. Wait ≤ 6 min
Avg. Wait ≤ 8 min
Avg. Wait ≤ 10 min
Avg. Wait ≤ 12 min
Avg. Wait ≤ 14 min

Number of
Housekeepers 1

Number of
Housekeepers 2

1/4 Hours
after
Lunch

Total Cost

Infeasible
Infeasible
Infeasible
Infeasible
Infeasible
Infeasible
Infeasible
Infeasible
Infeasible
10
10
10

Infeasible
Infeasible
Infeasible
Infeasible
Infeasible
Infeasible
Infeasible
Infeasible
Infeasible
4
4
4

N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
8
8
8

N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
$348.00
$348.00
$348.00

Table 7
Sensitivity Analysis Results for Average Acceptable Guest Wait Times, 30 – 40 checkouts
Constraints
Number of
Average Allowable
Checkouts
Wait Times

30

40

Avg. Wait ≤ 4 min
Avg. Wait ≤ 6 min
Avg. Wait ≤ 8 min
Avg. Wait ≤ 10 min
Avg. Wait ≤ 12 min
Avg. Wait ≤ 14 min
Avg. Wait ≤ 4 min
Avg. Wait ≤ 6 min
Avg. Wait ≤ 8 min
Avg. Wait ≤ 10 min
Avg. Wait ≤ 12 min
Avg. Wait ≤ 14 min

Number of
Housekeepers 1

Number of
Housekeepers 2

1/4 Hours
after
Lunch

Total Cost

Infeasible
Infeasible
Infeasible
10
10
10
Infeasible
10
10
10
10
10

Infeasible
Infeasible
Infeasible
5
5
5
Infeasible
7
7
7
7
7

N/A
N/A
N/A
8
8
8
N/A
8
8
8
8
8

N/A
N/A
N/A
$362.50
$362.50
$362.50
N/A
$391.50
$391.50
$391.50
$391.50
$391.50
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Table 8
Sensitivity Analysis Results for Average Acceptable Guest Wait Times, 50 – 60 checkouts
Number of
Checkouts

50

60

Constraints
Average Allowable
Wait Times
Avg. Wait ≤ 4 min
Avg. Wait ≤ 6 min
Avg. Wait ≤ 8 min
Avg. Wait ≤ 10 min
Avg. Wait ≤ 12 min
Avg. Wait ≤ 14 min
Avg. Wait ≤ 4 min
Avg. Wait ≤ 6 min
Avg. Wait ≤ 8 min
Avg. Wait ≤ 10 min
Avg. Wait ≤ 12 min
Avg. Wait ≤ 14 min

Number of
Housekeepers 1

Number of
Housekeepers 2

1/4 Hours
after
Lunch

Total Cost

Infeasible
10
10
10
10
10
Infeasible
9
9
9
9
9

Infeasible
8
8
8
8
8
Infeasible
9
9
9
9
9

N/A
8
8
8
8
8
N/A
12
12
12
12
12

N/A
$406.00
$406.00
$406.00
$406.00
$406.00
N/A
$456.75
$456.75
$456.75
$456.75
$456.75

Table 9
Sensitivity Analysis Results for Average Acceptable Guest Wait Times, 70 – 80 checkouts
Constraints
Number of
Average Allowable
Checkouts
Wait Times

70

80

Avg. Wait ≤ 4 min
Avg. Wait ≤ 6 min
Avg. Wait ≤ 8 min
Avg. Wait ≤ 10 min
Avg. Wait ≤ 12 min
Avg. Wait ≤ 14 min
Avg. Wait ≤ 4 min
Avg. Wait ≤ 6 min
Avg. Wait ≤ 8 min
Avg. Wait ≤ 10 min
Avg. Wait ≤ 12 min
Avg. Wait ≤ 14 min

Number of
Housekeepers 1

Number of
Housekeepers 2

1/4 Hours
after
Lunch

Total Cost

Infeasible
10
10
10
10
10
Infeasible
11
11
11
11
11

Infeasible
10
10
10
10
10
Infeasible
9
9
9
9
9

N/A
12
12
12
12
12
N/A
12
12
12
12
12

N/A
$507.50
$507.50
$507.50
$507.50
$507.50
N/A
$514.75
$514.75
$514.75
$514.75
$514.75
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Table 10
Sensitivity Analysis Results for Average Acceptable Guest Wait Times, 90 – 100 checkouts
Constraints
Number of
Average Allowable
Checkouts
Wait Times
Avg. Wait ≤ 4 min
Avg. Wait ≤ 6 min
Avg. Wait ≤ 8 min
Avg. Wait ≤ 10 min
Avg. Wait ≤ 12 min
Avg. Wait ≤ 14 min
Avg. Wait ≤ 4 min
Avg. Wait ≤ 6 min
Avg. Wait ≤ 8 min
Avg. Wait ≤ 10 min
Avg. Wait ≤ 12 min
Avg. Wait ≤ 14 min

90

100

Number of
Housekeepers 1

Number of
Housekeepers 2

1/4 Hours
after
Lunch

Total Cost

Infeasible
11
11
11
11
11
Infeasible
11
11
11
11
11

Infeasible
11
11
11
11
11
Infeasible
11
11
11
11
11

N/A
12
12
12
12
12
N/A
12
12
12
12
12

N/A
$558.25
$558.25
$558.25
$558.25
$558.25
N/A
$558.25
$558.25
$558.25
$558.25
$558.25

Tables 11 through 15 display the number of housekeepers to schedule based on the
acceptable maximum waiting time for guests, which are dependent on the number of checkouts.
Table 11
Sensitivity Analysis Results for Maximum Acceptable Guest Wait Times, 10 – 20 checkouts
Constraints
Number of
Maximum Allowable
Checkouts
Wait Times

10

20

Max Wait ≤ 60 min
Max Wait ≤ 75 min
Max Wait ≤ 90 min
Max Wait ≤ 105 min
Max Wait ≤ 120 min
Max Wait ≤ 135 min
Max Wait ≤ 60 min
Max Wait ≤ 75 min
Max Wait ≤ 90 min
Max Wait ≤ 105 min
Max Wait ≤ 120 min
Max Wait ≤ 135 min

Number of
Housekeepers 1

Number of
Housekeepers 2

1/4 Hours
after
Lunch

Total Cost

Infeasible
9
9
9
9
9
Infeasible
10
10
10
10
10

Infeasible
3
3
3
3
3
Infeasible
4
4
4
4
4

N/A
8
8
8
8
8
N/A
7
7
7
7
7

N/A
$304.50
$304.50
$304.50
$304.50
$304.50
N/A
$340.75
$340.75
$340.75
$340.75
$340.75
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Table 12
Sensitivity Analysis Results for Maximum Acceptable Guest Wait Times, 30 – 40 checkouts
Constraints
Number of
Maximum Allowable
Checkouts
Wait Times

30

40

Max Wait ≤ 60 min
Max Wait ≤ 75 min
Max Wait ≤ 90 min
Max Wait ≤ 105 min
Max Wait ≤ 120 min
Max Wait ≤ 135 min
Max Wait ≤ 60 min
Max Wait ≤ 75 min
Max Wait ≤ 90 min
Max Wait ≤ 105 min
Max Wait ≤ 120 min
Max Wait ≤ 135 min

Number of
Housekeepers 1

Number of
Housekeepers 2

1/4 Hours
after
Lunch

Total Cost

Infeasible
10
10
10
10
10
Infeasible
10
10
10
10
10

Infeasible
5
5
5
5
5
Infeasible
7
7
7
7
7

N/A
7
7
7
7
7
N/A
8
8
8
8
8

N/A
$353.44
$353.44
$353.44
$353.44
$353.44
N/A
$391.50
$391.50
$391.50
$391.50
$391.50

Table 13
Sensitivity Analysis Results for Maximum Acceptable Guest Wait Times, 50 – 60 checkouts
Number of
Checkouts

50

60

Constraints
Maximum Allowable
Wait Times
Max Wait ≤ 60 min
Max Wait ≤ 75 min
Max Wait ≤ 90 min
Max Wait ≤ 105 min
Max Wait ≤ 120 min
Max Wait ≤ 135 min
Max Wait ≤ 60 min
Max Wait ≤ 75 min
Max Wait ≤ 90 min
Max Wait ≤ 105 min
Max Wait ≤ 120 min
Max Wait ≤ 135 min

Number of
Housekeepers 1

Number of
Housekeepers 2

1/4 Hours
after
Lunch

Total Cost

Infeasible
10
10
10
10
10
Infeasible
9
9
9
9
9

Infeasible
8
8
8
8
8
Infeasible
9
9
9
9
9

N/A
8
8
8
8
8
N/A
12
12
12
12
12

N/A
$406.00
$406.00
$406.00
$406.00
$406.00
N/A
$456.75
$456.75
$456.75
$456.75
$456.75
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Table 14
Sensitivity Analysis Results for Maximum Acceptable Guest Wait Times, 70 – 80 checkouts
Constraints
Number of
Maximum Allowable
Checkouts
Wait Times
Max Wait ≤ 60 min
Max Wait ≤ 75 min
Max Wait ≤ 90 min
Max Wait ≤ 105 min
Max Wait ≤ 120 min
Max Wait ≤ 135 min
Max Wait ≤ 60 min
Max Wait ≤ 75 min
Max Wait ≤ 90 min
Max Wait ≤ 105 min
Max Wait ≤ 120 min
Max Wait ≤ 135 min

70

80

Number of
Housekeepers 1

Number of
Housekeepers 2

1/4 Hours
after
Lunch

Total Cost

Infeasible
11
11
11
11
11
Infeasible
11
11
11
11
11

Infeasible
8
8
8
8
8
Infeasible
10
10
10
10
10

N/A
12
12
12
12
12
N/A
11
11
11
11
11

N/A
$493.00
$493.00
$493.00
$493.00
$493.00
N/A
$518.38
$518.38
$518.38
$518.38
$518.38

Table 15
Sensitivity Analysis Results for Maximum Acceptable Guest Wait Times, 90 – 100 checkouts
Number of
Checkouts

90

100

Constraints
Maximum Allowable
Wait Times
Max Wait ≤ 60 min
Max Wait ≤ 75 min
Max Wait ≤ 90 min
Max Wait ≤ 105 min
Max Wait ≤ 120 min
Max Wait ≤ 135 min
Max Wait ≤ 60 min
Max Wait ≤ 75 min
Max Wait ≤ 90 min
Max Wait ≤ 105 min
Max Wait ≤ 120 min
Max Wait ≤ 135 min

Number of
Housekeepers 1

Number of
Housekeepers 2

1/4 Hours
after
Lunch

Total Cost

Infeasible
11
11
11
11
11
Infeasible
11
11
11
11
11

Infeasible
11
11
11
11
11
Infeasible
11
11
11
11
11

N/A
12
12
12
12
12
N/A
12
12
12
12
12

N/A
$558.25
$558.25
$558.25
$558.25
$558.25
N/A
$558.25
$558.25
$558.25
$558.25
$558.25

As previously stated, the results of the sensitivity analysis found that the total number of
housekeepers to schedule based on acceptable waiting times was sensitive to a change in the
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number of checkouts. However, based on the results of the study, only Housekeepers2 was
found to be sensitive to change, which caused the minimum number of housekeepers to schedule
to be sensitive. Housekeepers1 did not change based on the number of checkouts nor the
acceptable waiting times. The length that Housekeepers2 are scheduled to work was also found
not to be sensitive. Although, once the number of checkouts was 60 or greater, there was a
ceiling effect in which the number of Housekeepers1 and Housekeepers2 did not change. In fact,
none of the acceptable wait times were feasible, and the constraints had to be changed to increase
the number of possible housekeepers to work from 10 to 11 and the time that Housekeepers2 can
work from two hours to three hours. Also, an acceptable average wait time for guests less than
four minutes was not feasible, and a maximum wait time less than 60 minutes was found not to
be feasible.
Figure 20 graphically illustrates the sensitivity analysis results for the average guest’s
wait time, and Figure 21 illustrates the sensitivity analysis results for maximum guest’s wait
time. The x-axis, y-axis, and z-axis represent the number of checkouts, the acceptable wait times,
and the minimum number of housekeepers to schedule, respectively.
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Sensitivity Analysis for Number of Checkouts and Average Wait Time
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Figure 20. The graphical representation of the sensitivity analysis based on the acceptable
average wait time for guests.
The minimum numbers of housekeepers to schedule when using the average acceptable
wait times for arriving guests was not feasible when there was only 10 rooms checking out.
When there were 20 or more rooms checking out, however, the number of housekeepers to
schedule range from 10 Housekeepers1 and 4 Housekeepers2 (20 checkouts), to 11
Housekeepers1 and 11 Housekeepers2 (100 checkouts). Also, as seen in Figure 20, when there
were 20 and 30 checkouts, an average wait time of less than eight minutes was not feasible.

62

Sensitivity Analysis for Number of Checkouts and Max Wait Time
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Figure 21. The graphical representation of the sensitivity analysis based on the acceptable
average wait time for guests.
When using the maximum acceptable wait time for arriving guests, the number of
housekeepers to schedule ranged from 10 Housekeepers1 and 3 Housekeepers2 (10 checkouts),
to 11 Housekeepers1 and 11 Housekeepers2 (100 checkouts).
To summarize, the results of this study found that once the Arena model had been
validated by comparing guest wait times from the model and from observations, a sensitivity
analysis could be conducted to determine the effects of changing certain performance measures,
i.e. the number of checkouts and the acceptable average and maximum wait times for guests.
The sensitivity analysis found that the number of housekeepers to schedule after lunch,
Housekeepers2, was sensitive to a change in the number of checkouts across both acceptable
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wait time constraints. This sensitivity of Houskeepers2 affected the minimum number of
housekeepers to employee the entire day based on the number of checkouts and guests’ wait
times.
Variable scheduling effects. The results of the sensitivity analysis test pertained only to
the current schedule and requirements from the Best Western Plus Aku Tiki Inn. The number of
housekeepers to employ based on the acceptable waiting times and the number of checkouts are
based upon a schedule from which housekeepers arrive at the hotel at 9:00 a.m. and leave once
all rooms have been cleaned or serviced. There were two time periods involved with the current
schedule at the Aku Tiki; Housekeepers1 working 9:15 a.m. till 12:30 p.m., and Housekeepers2
working from 1:00 p.m. till all rooms have been cleaned. The objective of this study was to
reduce the number of total housekeepers to schedule, which in return would reduce the
housekeeping payroll costs. In order to test whether a variation in the schedule would have an
effect on the number of housekeepers to employee when there were 40 checkouts, two variable
models were created and run through OptQuest to identify if total cost could be reduced beyond
the initial results of this study.
The first altered schedule had a maximum of two housekeepers working an hour earlier at
8:15 a.m. (Housekeepers1). Three more housekeepers would become available at 9:15 a.m.
(Housekeepers2), and another five housekeepers from 10:15 a.m. until 12:30 p.m.
(Housekeepers3). After the lunch break, ten housekeepers are available from 1:00 p.m. until all
rooms have been cleaned and serviced (Housekeepers4). This variable schedule with an added
hour in the morning was tested using 40 checkouts and the same acceptable average and
maximum waiting times for guests used during the initial sensitivity analysis test, Table 16
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illustrates the results based on average waiting times and Table 17 illustrates the maximum
waiting time results.
Table 16
Results for Average Acceptable Guest Wait Times Using Variable Schedule
Variable Schedule with an Extra Hour in Morning
Number of
Checkouts

Constraints
Average Allowable
Wait Times
Avg. Wait ≤ 4 min
Avg. Wait ≤ 6 min
Avg. Wait ≤ 8 min
Avg. Wait ≤ 10 min
Avg. Wait ≤ 12 min
Avg. Wait ≤ 14 min

40

Number of
Housekeepers1

Number of
Housekeepers2

Number of
Housekeepers3

Number of
Housekeepers4

1/4 Hours
after
Lunch

Total Cost

2
2
2
2
2
2

2
2
2
2
2
2

10
10
10
10
10
10

10
10
10
10
10
10

8
8
8
8
8
8

$391.50
$391.50
$391.50
$391.50
$391.50
$391.50

Table 17
Results for Maximum Acceptable Guest Wait Times Using Variable Schedule
Variable Schedule with an Extra Hour in Morning
Number of
Checkouts

40

Constraints
Number of
Maximum Allowable
Housekeepers1
Wait Times
Max Wait ≤ 60 min
Max Wait ≤ 75 min
Max Wait ≤ 90 min
Max Wait ≤ 105 min
Max Wait ≤ 120 min
Max Wait ≤ 135 min

2
2
2
2
2
2

Number of
Housekeepers2

Number of
Housekeepers3

Number of
Housekeepers4

1/4 Hours
after
Lunch

Total Cost

2
2
2
2
2
2

10
10
10
10
10
10

10
10
10
10
10
10

8
8
8
8
8
8

$391.50
$391.50
$391.50
$391.50
$391.50
$391.50

The results from OptQuest found that the total cost to employee housekeepers based on
the variable schedule indicated no difference between this schedule and the current schedule
used by the Aku Tiki when there are 40 checkouts. However, the variable schedule allows for an
average wait time less than four minutes and a maximum waiting less than 60 minutes, which
were not feasible in the Aku Tiki’s current schedule. These differences could be due to the
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housekeepers coming in an hour early and cleaning a room which has departed, and a guest is
currently waiting to rent that room type.
The second altered schedule also uses a staggered schedule in which five possible
housekeepers begin working at the Aku Tiki at 9:15 a.m. until 11:00 a.m. (Housekeepers1) and
five more housekeepers arrive at 11:15 a.m. until 12:30 p.m. (Housekeepers2). After lunch, ten
possible housekeepers could be scheduled to work (Housekeepers3) from 1:00 p.m. until all
rooms have been cleaned and serviced. This staggered variable schedule was also tested using
40 total checkouts and the same acceptable average and maximum waiting times for guests. The
results of the analysis are illustrated in Table 18 and Table 19.
Table 18
Results for Average Acceptable Guest Wait Times Using Staggered Variable Schedule

Variable Schedule without an Extra Hour in Morning
Constraints
Number of
Average Allowable
Checkouts
Wait Times

40

Avg. Wait ≤ 4 min
Avg. Wait ≤ 6 min
Avg. Wait ≤ 8 min
Avg. Wait ≤ 10 min
Avg. Wait ≤ 12 min
Avg. Wait ≤ 14 min

Number of
Housekeepers1

Number of
Housekeepers2

Number of
Housekeepers3

1/4 Hours
after
Lunch

Total Cost

Infeasible
Infeasible
5
5
5
5

Infeasible
Infeasible
10
10
10
10

Infeasible
Infeasible
10
10
10
10

N/A
N/A
8
8
8
8

N/A
N/A
$362.50
$362.50
$362.50
$362.50
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Table 19
Results for Maximum Acceptable Guest Wait Times Using Staggered Variable Schedule
Variable Schedule without an Extra Hour in Morning
Constraints
Number of
Maximum Allowable
Checkouts
Wait Times

40

Max Wait ≤ 60 min
Max Wait ≤ 75 min
Max Wait ≤ 90 min
Max Wait ≤ 105 min
Max Wait ≤ 120 min
Max Wait ≤ 135 min

Number of
Housekeepers1

Number of
Housekeepers2

Number of
Housekeepers3

1/4 Hours
after
Lunch

Total Cost

Infeasible
5
5
5
5
5

Infeasible
10
10
10
10
10

Infeasible
10
10
10
10
10

N/A
8
8
8
8
8

N/A
$362.50
$362.50
$362.50
$362.50
$362.50

The results OptQuest found that using a staggered schedule when there were 40
checkouts would reduce the total cost of housekeeping from $391.50 to $362.50, a savings of
$29.00. Although, an acceptable average waiting time less than six minutes is not feasible using
this staggered variable schedule. A reason why an average waiting time for arriving guests less
than six minutes is not feasible is due to Little’s Law. Little’s Law states that waiting time is
dependent on the service rate and inter-arrival rate. If the service rate and inter-arrival rate times
close in approximation, the wait time is large. If the service rate is faster than the inter-arrival
rate, wait times would be small or non-existent. Since only five housekeepers are available for
two hours to clean rooms which are vacant, the rate which clean rooms become available to
waiting guests decreases. That could also be the reason why only five housekeepers are needed
for the first two hours of staggered schedule. The demand for clean and ready vacant rooms is
greater after 11:00 a.m., which is the normal checkout time of the Best Western Plus Aku Tiki
Inn.
Discussion
The purpose of this study was to investigate the effect of staffing efficiency in order to
minimize the cost of housekeeping payroll based on the number of rooms checking out and how
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long guests are expected to wait for a clean room to become available. The results of the
sensitivity analysis found that the total number of housekeepers to schedule is sensitive to the
service level indicated by wait time and the number of checkouts. The reason for the high
sensitivity effect of the number of rooms checking out on the number of housekeepers needed is
due to the impact of the Housekeepers2 variable; Housekeepers1 was not sensitive. It was also
found that the hours that Housekeepers2 were scheduled were not sensitive to a change in the
number of checkouts. The reason why Housekeepers2 was sensitive to the number of checkouts
was due to the number of Housekeepers1 scheduled and the difference between the times it take
to clean a checked-out room (39.12 minutes) and a service room (14.485 minutes).
Since the model simulated high-occupancy conditions, almost every room had to be
cleaned; the exception was service rooms that did not request service, a 19% occurrence.
Furthermore, Housekeepers1 must work from 9:00 a.m. until 12:30 p.m.; the model required that
the maximum amount of Housekeepers1, 10, was needed in order to meet the waiting time
requirements specified in optimization model. This is also the reason why Housekeepers1 was
not sensitive to a change in the number of checkouts; no matter what the number of checkouts
were all 10 Houskeepers1 were needed. The effect of having Housekeepers1 required to use the
maximum amount of employees allowed for Housekeepers2 to be sensitive to change, who are
available to work from 1:00 p.m. until the last room has been cleaned or serviced. This is due to
the fact the amount of time to service rooms is less than the time to clean checked-out rooms,
14.485 minutes and 39.12 minutes, respectively. In the model, rooms that have checked-out
have a higher priority than rooms that need to be serviced, which means that if there is a room
that checked-out and needs to be cleaned, housekeepers would tend to that room before the
service rooms. Also within the model, serviced rooms are created at 9:00 a.m. This was to allow
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housekeepers to efficiently use their time and clean service rooms in case there were not any
checked-out rooms available to clean. Due to the arrival rates of rooms checking out, the
availability of rooms that need to be serviced, and the schedule of Housekeepers1, all 10
housekeepers are needed to work from 9:15 a.m. till 12:30 p.m. because of the high demand. For
this reason, the number of Housekeepers2 to schedule is based on the number of checkouts
because Housekeepers1 may be able to clean most checked-out rooms and service rooms during
their morning shift.
However, as the number of checkouts increased, there came a point where the limit of
housekeepers available and the time that they must have rooms cleaned was not feasible.
Infeasibility occurred when there were 60 or more rooms checking out of the model. The
number of housekeepers available to work and the length with Housekeepers2 could work had to
be increased in order to meet the acceptable average and maximum wait time for guests wanting
to check in.
The sensitivity analysis was also able to determine what average and maximum wait
times were feasible. As determined by the results, the ranges within the average wait time for
guests when there were 10 rooms checking out were not feasible. Also, when 20 or 30 rooms
were checking out, an average wait time of less than eight minutes was not feasible in either
condition, as seen in Figure 13. A wait time of less than four minutes was not feasible no matter
the number of checkouts. Regarding the maximum guest wait time, a maximum wait time of less
than 60 minutes was not feasible in any condition. A possible reason why the average and
maximum acceptable wait times would not drop below four minutes and 60 minutes,
respectively, was because of the limited amount of guests that were available to check in. Also,
a maximum wait time of less than 60 minutes could feasibly be due to an outlier, a guest who
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arrives early in the morning before housekeepers arrive to clean an empty room. Another
possible reason why the average wait times of arriving guests had a limit was due to the arrival
and service rates. According to Little’s Law, the average waiting time in queue is dependent on
the equation:

( )

This equation basically states the larger the difference between the service rate ( ) and the interarrival rate (

), the less the wait time (Kelton et al., 2010). Regarding the model, the rate in

which the guests were arriving was close enough to the rate that it takes to clean and service
rooms that the average acceptable wait time could not be lower than four minutes.
As previously stated in this study, service quality (SQ) and customer satisfaction (CS) are
two parameters that lodging establishments use to base the successfulness and quality of their
businesses. The average and maximum waiting times for arriving guests have an impact on the
SQ offered to them, which affects the CS of the guest’s stay. This is why lodging establishments
strive to have a low wait time for guests. The Arena model and sensitivity analysis results in this
study used the guest waiting times as service levels alongside the number of checkouts to dictate
the number of housekeepers to schedule.
The results of this study were of practical benefits for the Best Western Plus Aku Tiki
Inn. Currently, during high-occupancy conditions, the hotel employs 10 housekeepers total
throughout the entire day; 9:00 a.m. till 3:00 p.m. or until all rooms have been cleaned and
serviced. No matter the number of checkouts or the number of rooms staying over, there are
always 10 housekeepers working the entire day. According to the model, however, the hotel
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could realistically decrease the number of housekeepers for low checkout conditions, which
would decrease payroll. Management at the Aku Tiki has the ability to create an efficient
housekeeping schedule either using the average or maximum acceptable time that guests have to
wait for a clean room. For example, if there were 40 scheduled checkouts and 92 possible rooms
that needed to be serviced, management could look at the results of the sensitivity analysis and
determine that only 10 housekeepers are needed from 9:15 a.m. until 12:30 p.m. and just seven
from 1:00 p.m. until 3:00 p.m. This schedule would cost the hotel $362.50 rather than $435.00
for that day, a savings of $72.75. During the hotel’s peak season, management could forecast the
number of checkouts and stay-overs and create an optimized housekeeping schedule per day.
Forecasting would allow management to schedule the appropriate number of housekeepers in
order to minimize housekeeping payroll for a select period of time, such as during the months in
the peak season.
Another point of interest about the results and the comparison to the Aku Tiki is that the
occurrence of having the housekeepers works after 3:00 p.m. As the sensitivity analysis
reported, if there are more than 60 checkouts in a day, the likelihood of having housekeepers
work after 3:00 p.m. is great. As stated earlier within this study, all rooms should be cleaned and
serviced by 3:00 p.m.; however, there are instances in which this is not a feasible statement. It is
important to note that even though housekeepers may work after 3:00 p.m., all rooms that have
checked out are cleaned before this time mark. Service rooms are most likely being serviced at
this time. This discrepancy is described within the next section.
Limitations of the Study
The scope of the study’s results was limited to hotels similar in size to the Best Western
Plus Aku Tiki Inn. It would have been preferable to test the model on hotels with differing sizes.
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Even though lodging establishments may differ in size, the operational flow and guest
satisfaction policies are similar. Regarding limitations within the Aku Tiki, the number of
housekeepers that can work at one time was derived from the hotel. The preferred check-in time
is also specific to the Aku Tiki. However, most hotels do publish their check-in times between
3:00 p.m. or 4:00 p.m., which could be more flexible than the Aku Tiki (Higgins, 2007).
For this study, observations were conducted over the period of one week in order to
collect guest wait times. This data was used to validate the model by statistically comparing the
average wait time for guests between the observed model’s results. Seven samples from the
observed wait times were compared to the 100 samples from the model. Given more time, an
observation period of an entire month during peak seasons would have been preferable.
Another limitation involved the guest’s arrival rate and number of guests checking in to
the Aku Tiki. Even though these rates are based on historical data from the hotel, they could be
more predictive, i.e., using room rates and the season to determine the arrival rates of guests.
The data was retrieved from the hotel’s archives for the month of July 2010. The number of
rooms sold and the length of stay could be dependent on the rates that the hotel was charging the
rooms as well as the economy in the United States.
Finally, as stated earlier, assumptions need to be made about the various components of a
system in order to create a simple and manageable computer model. The assumptions specified
within this study included (1) the number of housekeepers available to work per day, 10, (2)
room type was the only distinguishing factor between the various rooms, (3) the occurrence of
housekeepers needing to resupply their carts was included into the time which it takes to clean or
service a room, and (4) the model only took into account the scheduled breaks for housekeepers.
These assumptions were defined in order to simplify the processes within the model, while still
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maintaining model validity. However, there was a chance the assumptions could have had an
effect on the validity of the model. Even though the model was statistically valid, p = 0.445,
there was room in which the model could have been more valid. The assumptions also could
have affected the results of the sensitivity analysis. If the assumptions were found assume too
much about the actual hotel, i.e. time data for cleaning rooms. For example, the average time
that it took housekeepers to clean a room could have been higher or lower than the observed
39.12 minutes.
Future Implications
This study was intended to determine the minimum number of housekeepers to employee
during high-occupancy conditions in the lodging portion of the hospitality industry. The time
that guests must wait for clean rooms could possibly be more frequent and longer during highoccupancy conditions. The model built in this study allow managers of lodging establishments
to determine how many housekeepers to schedule depending on the number of checkouts for any
given day while satisfying customer expectations. Any establishment that has similar room
layouts and types could use the model by updating the number of checkouts per room type and
customer demands to achieve certain varying levels of satisfaction. Lodging businesses that
would fall under the resort category could also still use the model, but would use data collected
from similar businesses. Although the data and service levels may differ between the various
types of lodging businesses within the hospitality industry, they all have similar procedures and
operational flows.
Future studies using this model could be slightly altered to incorporate the rates of the
rooms and the time of year. As the lodging business is considered seasonal, the difference in the
demand size could have varying results. The inclusion of these parameters could foreseeably
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affect the arrival rate of guests and their willingness to stay at that place of business. For
example, during each establishment’s peak season, the rates are normally at the highest, and so is
the occupancy. Although, what if scenarios could be conducted with the model to observe what
happens to the occupancy during the peak season when rates are either lowered or increased.
Another possibility would be to determine what rates to have throughout the year. This would
allow the lodging business to use the model to possibly predict the willingness of guests to stay
at their establishment based on the rate and time of year.
Another possibility for future research would include the inclusion of floors within the
model. In this study, room types were the only distinguishing factors. However, inclusion of
floors could affect the checkout times and arrival times of guests of those rooms. There could be
instances in which the demand for room on the first floor is greater than other floors.
Conclusions
The use of computer simulations models to replicate real-world systems provide
researchers the abilities to manipulate the system and analyze any changes that may occur.
Computer simulations are very powerful tools that could have a significant impact on the
systems that they are modeled after. This study used discrete event simulation (DES) to create a
computerized model of a real-world hotel. The model was able to use data collected from the
hotel and create a valid representation of the hotel. Once the model was validated, a sensitivity
analysis was used to determine how a change in the number of rooms checking out of a highoccupancy hotel simulation affects the number of housekeepers to schedule, while taking into
account guests’ satisfaction with the quality of service.
With a valid model of any type of system, the simulation allows for the manipulation of
numerous system inputs in order to study the effects of the changes to the system. This ability to
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manipulate a dynamic and complex system without affecting the actual system is what makes
computer simulation a powerful tool. However, even though simulations are powerful and
useful, they need to be approached with skepticism and caution. The use of assumptions in the
model could impact the verification and validation of the model and produce a nonrepresentative computer simulation of the actual system.
As previously stated in the literature portion of the introduction, there is a limited amount
of research conducted using simulation for staffing optimization based on the occupancy of the
lodging establishments. Discrete event simulation is a useful tool that could be used for almost
any type of system. The true power of DES is that the models can be flexible if designed
correctly. It is the author’s utmost belief that the use of DES to study the operations of the
lodging businesses could help owners and managers optimize their establishment. The model
developed for this study could be applied to other hotels that are trying to create an optimized
staffing schedule. Hopefully, discrete event simulation will play an important role in the
optimization of efficient staff scheduling within the lodging portion of the hospitality industry in
the near future.
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Appendix A: Data Collection Forms
Data Collection Sheet for Guest Times
Check-Outs

Date:
Hotel:

Number of Scheduled Check-Outs

C/O Time

Room Type

as of

Late C/O

Guest 1
Guest 2
Guest 3
Guest 4
Guest 5
Guest 6
Guest 7
Guest 8
Guest 9
Guest 10
Guest 11
Guest 12
Guest 13
Guest 14
Guest 15
Guest 16
Guest 17
Guest 18
Guest 19
Guest 20
Guest 21
Guest 22
Guest 23
Guest 24
Guest 25
Guest 26
Guest 27
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Time Left Desk Total C/O Time

Data Collection Sheet for Guest Times
Check-Ins

Date:
Hotel:

Number of Scheduled Reservations

C/I Time

as of

Room Type Walk-In/Res Time Left Desk

Guest 1
Guest 2
Guest 3
Guest 4
Guest 5
Guest 6
Guest 7
Guest 8
Guest 9
Guest 10
Guest 11
Guest 12
Guest 13
Guest 14
Guest 15
Guest 16
Guest 17
Guest 18
Guest 19
Guest 20
Guest 21
Guest 22
Guest 23
Guest 24
Guest 25
Guest 26
Guest 27
Total Times Data
Number of Reservations
Number of Walk-Ins
Total Number of Check-Ins
Time of First Check-In
Time of Last Check-In
Total Time for all Guests to Check-In
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Total C/I Time

Data Collection Sheet for Housekeeping Times
Housekeeping

Date:
Hotel:
Floor:
HK 1

HK 2

Number of Scheduled Check-Outs
Number of Scheduled Reservations
Number of Scheduled W/I Rooms
Number of Scheduled Services

Time In Room

UnSch C/O Res/WI/Ser

Room 1
Room 2
Room 3
Room 4
Room 5
Room 6
Room 7
Room 8
Room 9
Room 10
Room 11
Room 12
Room 13
Room 14
Room 15
Room 16
Room 17
Room 18
Room 19
Room 20
Room 21
Room 22
Room 23
Room 24
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Time Out

Total Time in Room

# of HK

Total Times Data
HK 1

HK 2

Number of Un-Scheduled Check-Outs
Total Number of Check-Outs
HK 1

HK 2

Total Number of Res
Total Number of Services
Total Number of W/I
HK 1

HK 2

Time In of First Reservation Room
Time Out of Last Reservation Room
HK 1

HK 2

Time In of First W/I Room
Time Out of Last W/I Room
HK 1

HK 2

Time In of First Service Room
Time Out of Last Service Room
HK 1

HK 2

Time In of First Room
Time Out of Last Room
HK 1
Total Time for all Rooms to be Cleaned
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HK 2

